Abstract-Thermal infrared (TIR) data are usually acquired at a coarser spatial resolution (CR) than visible and near infrared (VNIR). Several disaggregation methods have been recently developed to enhance the TIR spatial resolution using VNIR data. These approaches are based on the retrieval of a relation between TIR and VNIR data at CR, or training of a neural network, to be applied at the fine resolution afterward. In this work, different disaggregation methods are applied to the combination of two different sensors in the experimental test site of Barrax, Spain. The main objective is to test the feasibility of these techniques when applied to satellites provided with no TIR bands. Landsat and moderate imaging spectroradiometer (MODIS) images were used for this work. Land surface temperature (LST) from MODIS images was disaggregated to the Landsat spatial resolution using Landsat VNIR data. Landsat LST was used for the validation and comparison of the different techniques. Best results were obtained by the method based on a linear regression between normalized difference vegetation index (NDVI) and LST. An average RMSE = ±1.9 K was observed between disaggregated and Landsat LST from four different dates in a study area of 120 km 2 .
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I. INTRODUCTION
T IME series of fine spatial and temporal resolution images are key inputs in numerous studies, e.g., water resources management [1] , [2] . However, there is a limitation in the existing satellites since revisit time for fine spatial resolution sensors is typically poor, while those with a high revisit frequency are characterized by a coarse spatial resolution. This is especially true when focusing on the thermal infrared (TIR) since spatial resolution for the TIR bands is always coarser than that for the visible and near infrared (VNIR) bands onboard the same sensor [2] .
Disaggregation methods allow downscaling the TIR coarse resolution (CR) to finer resolutions. In [3] , a review of land surface temperature (LST) disaggregation methods is performed. Zhan et al. [3] classified the disaggregation methods in two main groups: thermal sharpening (TSP) and temperature unmixing (TUM). The main difference is that TSP is used to obtain the LST of smaller resolution cells, while TUM aims at obtaining the LSTs of the existing elements within CR cells [3] . A bibliographical review showed that TSP is more frequently used than TUM. The TUM approaches need sufficient information of the component temperatures and become more useful when focused on obtaining temperatures of different surfaces (e.g., soil vs. vegetation, and asphalt vs. bare soil). In [4] , a physics-based unmixing method was presented to estimate the relative proportion and the temperature of each material composing the mixed pixel. Emissivity and temperature over pure pixels of the different components are required in this method.
The number of components has to be previously identified and a classification image is needed. Note this method is constrained to the existence of pure CR pixels of each element present in the fine resolution (FR) images. Several TSP techniques have been proposed in the recent literature to enhance the spatial resolution of the TIR domain over vegetated areas by linking TIR and reflectance information [5] - [8] . Most of these techniques are based on the assumption that there exists a relation between the vegetation cover and the LST. According to these approaches, a relation between TIR and VNIR bands is first obtained at CR and then applied at the finer resolution of the VNIR bands, assuming that this relation is scale invariant. Kustas et al. [5] developed the disTrad (disaggregation procedure for radiometric surface temperature) based on a quadratic relationship between normalized difference vegetation index (NDVI) and LST. This technique was used in [9] to downscale TIR data to the VNIR resolution with Landsat and moderate imaging spectroradiometer (MODIS) images. Agam et al. [6] tested three new variants of the disTrad and the results from the four methods were compared. The disTrad variants were: a linear relationship between NDVI and LST, a linear relationship between fractional vegetation cover (fc) and LST, and a simplified version of the fc-LST variant (hereafter called TsHARP). Since results might depend on the land surface cover, TsHARP was applied separately to crop and natural vegetation [10] . The relation between NDVI and LST was too poor in the natural vegetation. In the crop area, the disaggregation led to better results compared to a nondisaggregation method uniTr (using the LST value of the CR image). Lower errors were found when applying the TsHARP to the entire scene than when focusing on the crop areas. Neural networks (NNs) were applied in [11] and [12] using land cover and several land surface parameters obtained from VNIR images as inputs (different combinations for each land cover). Jeganathan et al. [7] tested four different versions of the TsHARP: resolution-adjusted TsHARP, piecewise (a regression per NDVI intervals [0-0.2], [0.2-0.5], [0.5-1]), stratified (applied per land cover class), and local (applied within a moving window). Better results were obtained with the local disaggregation procedures. Gao et al. [13] developed a data mining (DM) approach between TIR and spectral reflectances of homogeneous pixels applied separately at global and local (within a moving window) scales and subsequently combined. Bindhu et al. [8] developed a nonlinear method (NL-disTrad) based on the estimation of a relationship between NDVI and LST from the pixels belonging to the hot edge (pixels forming the upper envelope of the NDVI-LST distribution). The relationship obtained is applied to CR pixels to calculate the difference between the original and the predicted LST (residuals). These residuals are trained in an NN using the NDVI values of a 3 × 3 window as inputs. Then, the trained NN is applied to the FR pixels to obtain the residuals at this FR. A random forest approach was introduced in [14] using VNIR bands, topography, and land cover classes as inputs. Chen et al. [15] applied a combination of TsHARP and Thin Plate Spline interpolation. Both methods were applied separately and weights were then calculated for each one and further combined. Mukherjee et al. [16] compared three of the previous approaches (disTrad, TsHARP, and TsHARP with local variant) to two new methods based on the adjustment of the linear regression between NDVI and LST using a least median square (LMS) regression and a pace regression. In [17] , disaggregated microwave brightness temperatures were obtained at 1-km MODIS resolution. These authors established a relationship between NDVI and the microwave polarization difference index from the Advance Microwave Scanning RadiometerEarth Observing System (AMSR-E). Disaggregated temperatures were then used as inputs in a soil moisture algorithm.
Performance of the different methods above is not comparable since results may be site dependent. Different conclusions and root-mean-square error (RMSE) values are obtained in different works. Most of these studies compare the results of the new proposed methods to the TsHARP, but even with TsHARP results are quite different depending on the study area and the spatial resolution of the sensors used. The majority of papers focus on Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), MODIS or Landsat images, with the objective of disaggregating from their TIR to VNIR resolution, e.g., from MODIS 1 km to MODIS 250 m. Few papers plan to apply these methods to data from various satellites, e.g., obtaining a regression from one sensor and applying it to another one provided with no TIR bands. Up to now most of these works simulated CR images by aggregating FR scenes to the coarser spatial resolution of a different satellite, using afterward these FR images to assess the disaggregation procedure. A typical example is aggregating Landsat bands to simulate MODIS, then disaggregation and validation using the Landsat original bands as a basis. This is the traditional procedure for the assessment of the disaggregation methods. However, if these methods are to be applied from two different sensors, the validation should also be based on the original data from both sensors. Very few papers have dealt with the real application from two satellites [8] . Mukherjee et al. [16] used both Landsat and MODIS images as the basis for the disaggregation but with no mixing between them. Better performance was observed using Landsat [16] . Some works in the literature analyze the effect of the spatial resolution on the disaggregation. Better results are obtained for smaller differences in the spatial resolution between the input and output images. For example, in [6] , Landsat images were aggregated to 960 m and then disaggregated to 240, 120, and 60 m with RMSE values ranging from ±0.7 K (240 m) to ±2.2 K (60 m).
In this research, we are interested in providing LST at fine spatial and temporal resolutions to fulfill the requirements in the estimation of surface energy fluxes and evapotranspiration. Several study fields are situated within the experimental test site of Barrax, Spain. At least 30-m spatial resolution is desired. This can be provided by the Landsat VNIR bands. However, revisit cycle of Landsat is poor and a higher frequency is required. The recently launched Sentinel-2a has a 10-day repeat cycle, and 10-20 m spatial resolution in the VNIR bands, whereas no TIR information is available. With the coming Sentinel-2b, the combination of both satellites will offer a 5-day repeat cycle. Furthermore, the combination of Sentinel-2 and Sentinel-3 could offer the desired solution of spatial and temporal resolutions. The relationship between TIR and VNIR bands could be extracted from Sentinel-3 and then applied to Sentinel-2. The aim of this paper is to test the application of disaggregation techniques in the Barrax area from two different satellites, so that these approaches can be applied to sensors without thermal bands (e.g., Sentinel-2). Landsat and MODIS imagery were selected for this work due to the similar characteristics of these sensors and Sentinel-2 and Sentinel-3. We analyzed both, classical methods based on the VNIR-LST regression and newer methods using NN and DM. Three main experiments were developed to evaluate the classical approaches. A first experiment focused on the methods developed in [5] , [6] , and [10] based on the least square (LS) adjustment of the VNIR-LST regression. In a second experiment, new adjustments were tested (LMS) as well as the application of the method at local scale (using a moving window). In the last experiment, the disaggregation was applied separately for the different land covers present in the study area. The classical method leading to the best results was then compared to NN and DM approaches.
II. MATERIALS AND METHODS

A. Study Site
The study area is located in Barrax, Central Spain, including "Las Tiesas" experimental farm (39
• 06' W). This is a very flat area with an average altitude of 700 m a.s.l close to Albacete. Barrax is one of the traditional ESA test sites for different international campaigns, such as SEN2FLEX [18] , SPARC [19] , ImagineS [20] , and DAISEX [21] . Several field campaigns have been carried out in recent years including ground measurements of LST and energy fluxes, as well as biophysical parameters, for different periods. These experimental campaigns are used with different objectives related to agricultural water management [22] - [26] .
B. Satellite Images
The selection of satellite images was constrained to the coincidence of Landsat and MODIS overpasses with low MODIS viewing angle and cloud coverage for the growing season of 2014. We focused on Landsat 7 since no Landsat 8 images matched our requirements for the selected period. Four images were finally selected in 2014 for DOYs 67, 163, 195, and 202.
VNIR data were extracted from the Landsat 7 ETM+ CDR (http://earthexplorer.usgs.gov/) and the MODIS MOD09GA and MOD09GQ products (glovis.usgs.gov). Landsat CDR provides 30-m surface reflectances (atmospherically corrected). MOD09GQ offers red and NIR bands at 250-m spatial resolution, and MOD09GA contains seven spectral bands (VNIR), together with quality information, at a resolution of 500 m. Radiances in the TIR domain were obtained from band 6 of Landsat 7 ETM+, while the MOD11_L2 product offers LST directly. ETM+ TIR data are acquired at 60-m spatial resolution; however, these data are resampled and provided at 30-m resolution. For validation purposes, we used an aggregated LST at 60 m that corresponds to the original resolution in the TIR domain. MOD11_L2 is provided at 1 km. MODIS images were resampled to 240, 480, and 960 m in order to have pixel dimensions that are multiple of the Landsat spatial resolutions (30 and 60 m). All scenes were reprojected to UTM WGS 1984 zone 30 N. Fig. 1 shows a false color composite of a Landsat image used in this work (RGB: bands 4, 3, 2), an NDVI image, and the Corine Land Cover 2006 (http://www.eea.europa.eu/data-andmaps/data/corine-land-cover-2006-raster) covering the entire study area (∼ 120 km 2 ). The images illustrate a sparsely vegetated area, with NDVI < 0.4 for most pixels. Largest NDVI values correspond to crop fields [red areas in Fig. 1(a) and (b) ]. Table I lists a summary of the NDVI and LST values from the MODIS and Landsat images used at both, their original and aggregated 960-m spatial resolution. Note that wider value ranges are present in the original resolution compared to the aggregated 960-m resolution.
C. Image Processing
Quality bands from each product were used to mask pixels containing clouds and shadows. Landsat CDR product includes a mask obtained using the Fmask code [27] . Based on this mask, only pixels assigned "clear land pixel" were kept in this study, discarding those with clouds, snow, shadows, and water. TIR Landsat data were atmospherically corrected to retrieve LST following the procedure described in [28] and using the Atmospheric Correction Tool of Barsi et al. [29] and [30] (http://atm-corr.gsfc.nasa.gov/). The data aggregation is a key step in the disaggregation procedures. The aggregation of the VNIR bands was carried out by averaging the reflectance values in the red and NIR bands of all the FR pixels within an equivalent CR pixel. Following Gao et al. [13] , the aggregation of the TIR band was done through the Stefan-Boltzmann law with the assumption of similar emissivity values for adjacent pixels
The application of the disaggregation techniques to different sensors needs equivalent spectral data from both sensors. Differences between both sensors VNIR data may exist due to several effects such as spectral resolution, atmospheric correction, viewing angle, and pixel footprint. In the TIR domain, the main difference between both sensors may be due to the different acquisition time. A normalization procedure can be applied to minimize these discrepancies between MODIS and Landsat images [31] , [32] . A linear regression between the aggregated Landsat and MODIS images at 960 m was obtained, and later applied to the desired spatial resolution (e.g., 60 m). This normalization step should be applied to each pair of FR and CR images to be used. Note that in this paper, we used Landsat ETM+ and MODIS images coincident in date with the aim of using the Landsat TIR band to validate the disaggregated temperatures. However, the disaggregation method could be applied to images from different dates if they are close enough in time to consider that no significant changes in the vegetation cover have occurred. In case of using images from different dates, the same normalization procedure should be applied to each pair of FR and CR images, and the disaggregated temperature obtained will correspond to the date of the CR image (from which the VNIR-TIR relationship is obtained). 
D. Disaggregation Methods
Several disaggregation methods extracted from the recent literature were applied in this work with images from two different satellites. These methods are traditionally applied and tested with images from a single satellite. First, the FR images are aggregated to a CR and then the disaggregation method is applied, finally the original TIR images are used for validation. In this work, we tested the disaggregation from two different sensors. The further objective is assessing the performance of the disaggregation when applied to FR images from satellites with no thermal bands. To compare the application with one or two sensors, the two versions were tested here as follows. 1) The relationship between NDVI and LST (training) was extracted from the Landsat ETM+ aggregated images (960 m) and later applied to Landsat 60 m (traditional procedure). 2) The relationship was obtained from the original MODIS images (960 m) and then applied to Landsat 60 m images. Both procedures provided disaggregated 60 m LST using 60 m Landsat NDVI as input. The original 60 m Landsat LST was reserved for the validation of the disaggregated LST outputs.
1) NDVI-LST Regressions: Fig. 2 shows a flowchart of the methodology.
Experiment 1 consisted on applying the most used disaggregation methods developed in [5] , [6] , and [10] . In [5] , a quadratic relationship between LST and NDVI was proposed (disTrad, 2). The relationship was obtained from CR pixels and applied to the FR pixels. The relationship obtained was also applied at CR to obtain the difference between the original and predicted LST (residuals). The CR residuals were then added to the estimated LST at FR; this means that the same residual was used in all the FR pixels belonging to the same CR pixel. With this action actual CR LST information was included in the disaggregated results. In [6] , the quadratic relationship and other relationships between NDVI and LST were tested, including a linear approach between LST and NDVI (3), a linear approach between the fraction of vegetation cover (fc, 
where a 0 , a 1 , and a 2 are the adjusted parameters. More recent studies introduce some modifications to the disaggregation procedures described above. These were analyzed in Experiment 2. Note that only the method yielding the best results in Experiment 1 was considered for Experiment 2. In [16] , better results were obtained using LMS than LS regression. Thus, the LMS adjustment was tested and compared to the LS. The disaggregation methods using the residual correction present some boxy effect linked to these residuals themselves [10] , [13] . To reduce this effect, the CR residuals can be smoothed using a Gaussian filter [33] . We adopted this technique and analyzed its effect visually and in terms of RMSE. All these regressions evaluated in Experiment 2 were obtained from the most homogeneous pixels and including the residual correction, as done in Experiment 1. In [7] , (3) was applied at a local scale using a moving window. This local application showed better results than obtaining a global regression for the entire image. This approach consisted in obtaining a relationship between NDVI and LST at CR for each window and then applying it to the FR pixels belonging to that window. Each pixel is only considered in one window. The result for each pixel is then the LST obtained from the NDVI-LST relationship adjusted at the CR window to which it belongs. We also tested this moving window approach with different window sizes (from 3 × 3 to 13 × 13) and compared it to the global approach. In contrast to the previous methods, since few pixels are available in the local application all of them were used for adjusting the regression and no residual correction was applied due to the local scale.
Some authors have used the land cover information to derive different regressions for each particular land cover class [7] , [10] . Several tests were also conducted in this work for the different land cover classes (Experiment 3) present in the images. Corine Land Cover data at 100-m resolution was used. Land cover information was needed at 60 and 960 m. For the 60-m resolution, a resampling was performed using nearest neighbor resampling. For 960 m, the predominant class (the most abundant) was assigned. The disaggregation method leading to the best results in the previous analyses (Experiments 1 and 2) was applied here specifically per land cover classes. The NDVI-LST relation was obtained considering all the pixels included in each land cover class at CR and then applied to the pixels of the same class at FR. The residuals correction was also accounted here. An analysis of the performance of the disaggregation technique was conducted using the land cover class distinction as a basis. Results were compared to those obtained not accounting for this land cover distinction.
2) NN and DM Approaches: NNs using different inputs (spectral bands, land cover, topography, etc.) have also been applied in several papers. The method developed by Bindhu et al. [8] was applied in this work. These authors used NN for training the residuals. The relationship between NDVI and LST was obtained from the pixels forming the hot edge. These pixels were selected as those showing the highest temperature values for different NDVI ranges. This relationship was then applied to the CR pixels to estimate the residuals. The CR residuals were trained in a NN which inputs were the NDVI values in a 3 × 3 pixel window. The trained NN was then applied at FR. Other tests performed with NN consisted in using different combinations of spectral bands, and in some cases land cover, as inputs in the NN, and the LST as output. (1)-(4). On the left, Landsat images were first degraded to the MODIS resolution and then disaggregated to the Landsat TIR original resolution. On the right, the relationship was obtained from the MODIS images and then applied to the Landsat images at 60-m spatial resolution. The residual correction was applied in both cases.
The DM approach developed in [13] was also tested here. This method combines a local and global application of regression trees in a DM approach. The Cubist package in R [34] was used in this work. This method uses the reflectance from all the bands. Thus, when applied to two different sensors, their bands have to be the same or similar, and the normalization of each band between both sensors has to be done. The regression tree method generates rule-based linear multivariate regressions. In this work, the 6 Landsat ETM+ VNIR bands (1-5 and 7), and the equivalent MODIS bands (bands 1-6) were used as inputs.
E. Performance Assessment
The comparison of the disaggregation methods was carried at a regional scale. All methods were analyzed in terms of the determination coefficient (r 2 ) and the RMSE, and compared to a nondisaggregation method, uniTr [6] . According to this approach, each FR pixel is assigned at the value of the corresponding CR pixel.
III. RESULTS
A. NDVI-LST Regressions
In the first experiment (Fig. 2) , the methods presented in [6] were applied separately to a single sensor (Landsat ETM+) and to the combination of two sensors (Landsat and MODIS) as described above. Fig. 3 shows the validation results (RMSE and r 2 ), for the 120-km 2 study area, corresponding to the regression obtained from both, Landsat aggregated images (960 m) on one hand and original MODIS images on the other hand, then applied to the original 60-m Landsat images. Previous works have tested the disaggregation methods with images belonging to the same sensor (by aggregation to coarser resolution) with the aim of being applied with two different sensors, but they rarely showed the real dual-sensor application. Results presented in Fig. 3 point out the larger errors obtained when these techniques are applied to two different sensors instead of a single one, despite the normalization adjustment applied. Better results were obtained using any of the disaggregation methods compared to the uniTr approach (using the LST of the CR image) in both the single and dual-sensor applications. Contrary to previous studies, the simplest method [linear regression between NDVI and LST, (3)] led to similar or better results than using other regressions in most of the cases analyzed. Equation (2) did not perform well for day 202 since the quadratic regression applied to NDVI outliers not present in the primitive retrieval of this equation yielded extreme LST values. Also, the NDVI-LST adjustment in this image was better fitted to a linear regression than to the quadratic regression. The same conclusions can be drawn from the method applied with one or two sensors despite the different errors obtained.
In the second experiment, the local application [7] was tested with a window size ranging from 3 × 3 to 13 × 13 pixels, and results were compared to those obtained from the global application using (3), (3) adjusted by LMS [16] , and (3) with smoothed residuals (Fig. 4) . Fig. 4 shows that lower errors were always obtained when applying the disaggregation with a single satellite. Regarding the local application, only the RMSE was slightly reduced in one of the images (DOY 195) when using one sensor (Landsat ETM+) and in two dates (DOYs 195 and 202) when using two sensors (ETM+ and MODIS), while no significant differences were observed for the rest. The LMS adjustment did not improve the results from the LS adjustment. The smoothing of the residuals generally improved the results from the LS method when using two sensors. When applied to a single sensor, it improved the results in one date (67) and led to the same results for the other dates. Fig. 5 shows an example of the original Landsat LST and disaggregation results from two sensors, with and without residuals smoothing. Note the residuals introduced an important boxy effect that was reduced after the smoothing. The ratio between the CR and the FR is responsible for this boxy effect, lower differences between the spatial resolutions would mitigate this boxy effect.
Finally, specific disaggregation was conducted in Experiment 3 for different land cover classes. Only the dual-sensor application is shown here due to the similar conclusions obtained from the single-and dual-sensor applications in the previous experiments. Results considering separate land covers were compared to those obtained from applying the global equation to the same set of pixels. We focus on the linear equation LST-NDVI (3) and smoothed residuals, based on the results above. Following Agam et al. [10] , two main classes were first considered: crop and natural vegetation. No significant differences, compared to the global results, were observed accounting for this distinction. The specific disaggregation was expanded to all vegetation classes present in the image with a significant presence. Classes with less than 100 CR pixels were excluded from the analysis. Detailed class-dependent results are shown in Fig. 6 . Performance depended on the particular land cover class and date, and no firm conclusion could be extracted about the value of separating in classes. Average RMSE values of 1.8, 2.2, 1.9, and 2.0 K were obtained with the class-specific approach and 1.8, 2.0, 2.0, and 1.9 K with the global approach for DOYs 67, 163, 195, and 202, respectively. Only for DOY 195 was a slight enhancement observed with the class-specific approach. Note that larger errors were observed overall for "permanently irrigated" areas. This is probably due to the small size of these fields and also to irrigation effects. After an irrigation event, the LST may decrease dramatically, whereas the disaggregation methods do not account for this variation since the NDVI is not significantly affected. This effect is most obvious in bare soil areas such as croplands in the first stage of the crop growing season. This should be mitigated by the residuals obtained from the CR image but if the fields are small this is not well captured either.
Since no significant enhancement was observed from the land cover class-specific application, we decided to use (3) globally together with smoothed residuals. Fig. 7 shows the density scatter plots of the disaggregated LST with (3) LS and smoothed residuals from two sensors versus the reference LST (original Landsat normalized). The main percentage of pixels (in red) concentrates around the 1:1 line although the large scatter of a minority of them leads to important errors. Fig. 8 shows a subset example of 24 km × 22 km of the reference (left), disaggregated from two sensors (central) and nondisaggregated uniTr (right) LST images. This subset is dominated by permanently irrigated lands. Overall patterns of the disaggregated LST are similar to reference LST. Note the evident improvement of the disaggregation faced to the nondisaggregated LSTs. 
B. NN and DM Approaches
The methods presented in [8] and [13] were also tested and compared to the results obtained using the linear regression with smoothed residuals. In the previous section, we have already analyzed the difference between the single-and the dual-sensor disaggregation, and similar conclusions can be extracted when comparing different approaches. Therefore, in this section only, the results of the dual-sensor application are shown, which is the main interest of this work.
Results from the NN and DM approaches for the entire study area are summarized in Table II as well as the results from the LS method. Larger errors were observed when applying the NN and DM approaches. Bindhu et al. [8] had already observed high errors for low NDVI values, dominant in our study site [see Fig. 2(b) ]. In addition to these methods, a battery of tests was conducted with NN using different spectral bands as inputs with no improvement in the results obtained by the linear regression in any case. NN and DM (trained at 960 m and applied at 60 m), as well as other nonlinear regressions, have the risk of overfitting and are very sensitive to noise in the samples. In this work, the input data did not cover the full range of values present at 60 m (see Table I ), and the overfitting of the methods may lead to important errors in the outliers not present in the input data. Therefore, the simpler NDVI-LST linear regression led to better results than the more sophisticated NN and DM approaches.
IV. DISCUSSION
Findings in this work show that there is a difference between applying disaggregation methods from one or two sensors although a normalization procedure is applied. The normalization step is very important when dealing with two sensors in order to account for the possible spectral and temporal differences between them. A good coregistration of the images from both sensors is also critical. These are the two main points that make the difference when applying the disaggregation with one or two sensors. The normalization procedure was addressed in this work at 960 m; however, at this spatial resolution, we observed a shorter range of values than those present at the FR (Table I) . Consequently, the relationships obtained did not include values in the full FR range. This not only affects the normalization process but also affects the NDVI-LST relationship used in the disaggregation procedure. This difference in the spectral range at the FR and CR is site dependent and is related to the heterogeneity of the area and to the ratio between the FR and the CR being used. Thus, this constraint is common to the single-and dual-sensor applications and it may contribute to the different errors obtained by other authors when disaggregating to different spatial resolutions. For example, in [6] , the RMSE errors are very different depending on the spatial resolution and dates. These authors disaggregated two images, affected by 1 week difference, from 960 to 60 m in July 2002. The linear NDVI-LST approach yielded RMSE values of ±2.2 and ±1.2 K. Disaggregation to 120 m led to an enhancement in RMSE of ±0.3 K in both images, and when disaggregating to 240 m, the enhancement was of ±0.8 K in one image and ±0.5 K in the other.
In our study area, RMSE values ranged between ±1.6 and ±1.7 K when using the Landsat images, and ±1.8 and ±2.1 K using the MODIS ones. These results are in agreement with those obtained by Agam et al. [6] . In [7] , the local disaggregation of Aster images, previously aggregated to 990-m spatial resolution, resulted in RMSE values ranging between ±0.7 and ±3 K for disaggregation to 810-90 m. Large errors were obtained when disaggregating to spatial resolutions finer than 270 m, consequently MODIS images were disaggregated only to 250 m with RMSE values between ±2 and ±3 K depending on the approach. Better results were obtained by Bindhu et al. [8] in a smaller area with high vegetation cover, with the highest errors corresponding to low NDVI values.
The application of a land cover-specific disaggregation showed the highest errors for the class "permanently irrigated land." This is probably due to the small size of the fields and the errors caused by irrigation. This is reinforced by the fact that errors in this class increase significantly in the summer images, both with the class-specific and the global approaches. Most likely, this is a consequence of the higher differences in LST between the crop fields and the surrounding bare soil during summer season.
Future work will deal with a more comprehensive validation at a field scale using ground temperature measurements concurrent to satellite overpasses. Also, we will check the application to other combinations of platforms, including fine spatial resolution sensors with no TIR band (e.g., Sentinel 2).
V. CONCLUSION
Several disaggregation methods were compared when applied with two different sensors, MODIS and Landsat ETM+, in a heterogeneous and sparsely vegetated area of central Spain. This dual-sensor application needed an additional step of normalization between the spectral bands of the two sensors and special attention to the coregistration between them. Although the errors with the dual-sensor application were higher than those from the single-sensor application, results obtained prove the potential and usefulness of the disaggregation techniques applied to two different sensors.
The disaggregation was applied to downscale images from 960-m spatial resolution (MODIS) to 60 m (Landsat). Best results were obtained with the procedure based on the linear regression between NDVI and LST, even when compared to NN and DM approaches. RMSE values around ±2.0 K were obtained for four different images. Focusing on the experimental agricultural area of Barrax, classed as "permanently irrigated land" in Corine Land Cover, RMSE values were the highest (±2 to ±3 K). Since this area showed the largest heterogeneity within the image, we may conclude that the disaggregation procedures perform better in homogeneous areas. These results are encouraging, and reinforce the application of disaggregation procedures to sensors provided with no thermal bands. The application to Sentinel-2, with a high revisit cycle, could provide the time series of disaggregated LSTs at high temporal and spatial resolutions required for studies related to hydrology, climatology or agriculture.
